Noncompliance is a common problem in experiments involving randomized assignment of treatments, and standard analyses based on intention-to treat or treatment received have limitations. An attractive alternative is to estimate the ComplierAverage Causal Effect (CACE), which is the average treatment effect for the subpopulation of subjects who would comply under either treatment (Angrist, Imbens and Rubin, 1996, henceforth AIR). We propose an Extended General Location Model to estimate the CACE from data with non-compliance and missing data in the outcome and in baseline covariates. Models for both continuous and categorical outcomes and ignorable and latent ignorable (Frangakis and Rubin, 1999) missing data mechanisms are developed. Inferences for the models are based on the EM algorithm and Bayesian MCMC methods. We present results from simulations that investigate sensitivity to model assumptions and the influence of missing-data mechanism. We also apply the method to the data from a job search intervention for the unemployed workers. Causal Effect (CACE), which is the average treatment effect for the subpopulation of subjects who would comply under either treatment (Angrist, Imbens and Rubin, 1996, henceforth AIR). We propose an Extended General Location Model to estimate the CACE from data with non-compliance and missing data in the outcome and in baseline covariates. Models for both continuous and categorical outcomes and ignorable and latent ignorable (Frangakis and Rubin, 1999) missing data mechanisms are developed. Inferences for the models are based on the EM algorithm and Bayesian MCMC methods. We present results from simulations that investigate sensitivity to model assumptions and the influence of missing-data mechanism.
Introduction
Inferences for treatment effects are relatively straightforward in randomized trials with perfect compliance with the assigned treatments. However, for scientific experiments involving human participants, non-compliance and partial compliance are very common in practice.
Compliance often varies according participant characteristics, and may be associated with Schul, 1995) , a randomized trial at the University of Michigan to test a job search intervention for unemployed workers. In this trial unemployed individuals were randomly assigned to a control treatment consisting of a booklet describing job-search methods and tips, or an experimental treatment group consisting of the same booklet and five 4-hour job search seminars. Follow-up questionnaires were mailed periodically to all the participants, and measures of outcomes such as depression, financial strain and re-employment were obtained.
We focus here on a binary outcome, re-employment at a fixed date after the intervention, but we also consider models for a continuous outcome. The JOBS II data have missing values, and only about one half of the individuals assigned to the experimental treatment complied, in the sense that they attended the seminars. Since "compliance" with the control treatment is not an issue here, it is assumed that individuals would comply with the control treatment, but may or not comply with the experimental treatment. Thus compliance (in the CACE sense) is known for participants assigned to the experimental group, but is not known for participants assigned to the control group, since their participation if assigned the intervention is not observed. Our methods for estimating the CACE are illustrated for this behavioral intervention, but are also directly applicable to trials involving medical interventions with all-or-nothing compliance.
Section 2 presents our EGL model for inferences about the CACE, and inferences based on the EM algorithm and Bayesian MCMC methods. An alternative approach based on instrumental variables is given in Section 2.4. Section 3 presents simulation studies that compare our likelihood-based approach with instrumental variable methods for causal inference (Goldberg, 1972; Bloom, 1984; Heckman and Hotz, 1989) . In Section 4 we apply our methods to JOBS II data. Section 5 contains conclusions and discussion.
Extended General Location Model

The Complete-Data Model
We define the following variables for each participant i in a randomized clinical trial:
= p continuous baseline covariates that are conditioned in the analysis.
While these might treated as fixed in a complete-data analysis, we assign them a normal distribution to allow cases with missing values in these variables to be included in the analysis.
Transformations may be needed to improve the normality assumption.
b i = discrete baseline covariates. For simplicity, we assume b i is scalar and binary, although the extension to more than two levels is immediate. r i = randomization indicator for the treatment assigned. In the JOBS II application, r i = 1 for the intervention, r i = 0 for the control treatment y i = an outcome variable, which we initially assume is continuous and normal. Extensions to vector outcomes are outlined in Section 6. c i = principal compliance indicator, taking the value 1 if participant i would comply with either treatment, and 0 otherwise. As noted above, in the JOBS II setting c i is observed for participants assigned to the experimental group, taking the value 1 for individuals who attended the seminars and 0 otherwise. There was a small amount of partial compliance in JOBS II in that a few individuals attended a subset of the seminars but not all of them; for the purposes of our analysis these participants are treated as compliers. For individuals assigned to the control group, c i is missing since we do not know if they would have attended the seminars if they had been assigned to the experimental group.
We write [A|B] to denote the distribution of A given B, N for a univariate normal and N p for a p-variate normal distribution. We assume observations are independently distributed given the randomization indicator r i , and factor
We then model the components of this factorization as follows:
where
The parameters of the model are thus:
The parameterization of this model embodies the following important assumptions, described in more detail in AIR:
(1) Parameters (α, µ cb , Σ) do not depend on r i because of randomization of treatments ensures that r i is independent of c i , b i , x i .
(2) The mean structure in (4) omits the effects of r i , b i r i and x i r i , because we assume that for noncompliers (c i = 0) the effect of treatment is the same whether subject i is randomized to control (and has no access to the treatment) or randomized to the treatment (and fails to comply). This is the crucial exclusion restriction (ER) assumption discussed in AIR. Eq. (4) implies that the mean of y i for the non-compliers with baseline covariates (
, and the CACE for compliers with covariates (
can be defined by averaging over the distribution p(b, x|c = 1) of B and X for compliers:
(3) The independence assumption of the model implictly requires the stable unit treatment value assumption (SUTVA) that potential outcomes for each unit are unrelated to the treatments assigned and the treatments actually received by the other units (AIR, ). While this assumption is almost universally invoked, it is somewhat suspect in the JOBS II setting, since the experimental treatment takes place in a group setting.
We call this an extended general location (EGL) model because the distribution of the 
where Φ(·) is the standard normal cumulative probability function. When the outcome
is the CACE for subjects with
, and the overall CACE can be calculated as in Eq. (5). The
is proposed rather than the more common logit model because it is more convenient for computation, as discussed in Section 2.3.
Missing Data Mechanisms
We now suppose there are missing values of (x i , b i , y i ) in the data set, in addition to the missing values of c i in the control group. The validity of methods for handling the missing data depends on assumptions about mechanisms that create missing values. For subject i, let Ignorable missing-data mechanism (IMD). The missing data mechanism of w i is said to be ignorable if the data are missing at random (MAR, Rubin, 1976; Little and Rubin, 2002) Note that the mechanism is allowed to depend on c i for experimental subjects (r i = 1) since c i is observed for these subjects, but is not allowed to depend on c i for control subjects (r i = 0) since c i is missing for these subjects. The latter may not be realistic, since the probability of non-response for noncompliers may be systematically higher than that for compliers, regardless of treatment. To handle such cases, Frangakis and Rubin (1999) propose an instrumental variable estimator for an alternative missing data mechanism, which they call latent ignorability:
Latent ignorable missing-data mechanism (LIMD). The missing data mechanism of w i is said to be latent ignorable if the data are latent MAR (LMAR) within each level of the latent compliance status, that is:
, for all w mis,i , and the parameters φ are distinct from the parameters of the complete-data model. See also Barnard et al. (2002) . Note that LMAR is weaker than MAR since the mechanism is allowed to depend on c i for control as well as experimental subjects. This missing data mechanism is in general nonignorable, because c i is unknown in the control group.
As LIMD is weaker than IMD, a stronger exclusion restriction assumption is needed to identify the parameters when the complete-data model is saturated, and inference may be vulnerable to missspecification when the complete-data model is unsaturated. Hence, in our LIMD models we replace the ER assumption above by the following stronger assumption:
Compound exclusion restriction (CER). The joint distribution (y i , m i ) for a noncomplier randomized to the control group is the same as the distribution (y i , m i ) for a non-complier randomized to the treatment group.
Our LIMD model involves a particular form of LIMD where missingness of y i is allowed to depend on missing values of c i , but missingness of (x i , b i ) is not. Accordingly, we write 
, where φ = (φ 1 , φ 2 ) are distinct from θ. By a straightforward extension of Rubin's (1976) 
To model the latter distribution, we assume there is an underlying 
The extension for binary y * i is carried out in the same way as before.
In next section, we consider likelihood-based estimates for the CACE in these settings.
Maximum Likelihood and Bayes Estimation
Under IMD and ER, maximum likelihood (ML) estimates for the parameters of our EGL model can be obtained via the EM algorithm (Dempster, Laird and Rubin, 1977) , and is similar to EM for the general location model (Little and Rubin, 2002) . We outline the EM algorithm for the unrestricted extended general location model of Section 3.1. (Details of the algorithm and codes in Splus can be found at Little's web page).
be the vector of indicators for the discrete variables (c i ,
, with corresponding probabilities α = (α 1 , α 2 , α 3 , a 4 ). The complete-data likelihood can be written as
The logarithm of this likelihood is linear in complete-data sufficient statistics Little and Rubin, 2002) . The E-step can be carried out by missing-data pattern to avoid unnecessary SWEEP computations.
The initial values for EM cannot be computed using data from the set of complete cases, because the values of c i are completely unknown in the control group. To avoid this, we first estimate α by using only the data from the treatment group subjects, and then impute values of c i for the control group subjects by the estimated α. We then calculate the sufficient statistics, ignoring those cases with missing values in (x i , b i , y i ), and do an M-step based on the imputed sufficient statistics to obtain initial estimates for β's. The method of moments can also be used to provide initial estimates after imputing the compliance status for control group subjects.
The observed data likelihood is readily computed from by-products of the E-step with each iteration, providing a check of the computations. In addition, we can use the observed data likelihood to perform likelihood ratio tests for choosing between models.
For Bayesian inferences, we assume α, (µ, Σ) and (β, τ 2 ) are a priori independent with con-
These distributions yield a complete-data posterior distribution that is Dirichlet for α, inverse-Wishart for Σ and multivariate normal for µ given Σ, scaled inv-χ 2 for τ 2 and multivariate normal distribution for β given τ
),where Z is the design matrix of the , µ
), for the model parameters based on the completedata posterior distribution with missing data filled in from the previous I-Step. The I-step is very similar to the E-step of EM. Instead of calculating the conditional expectations of missing values in terms of the sufficient statistics, random draws for the missing values in the data set are generated from their predictive distribution, using current draws of the parameters from the previous P-step. When the observable outcome of interest is discrete, τ 2 = 1, and drawing values of y i involves simulating random numbers from truncated normal distributions, since we only observe the sign of y i .
We used the method of Gelman and Rubin (1992) to assess convergence of the Gibbs sequences. To obtain reasonably over-dispersed random numbers for the starting points for the Gibbs draws, m bootstrap samples were generated from the original data set with a sample size of half the size of the original data set. For each of the bootstrap samples, ML estimates are obtained via the EM algorithm and used as the starting values for the Gibbs algorithm.
Quite straightforward modifications of these algorithms yield ML and Bayes' estimates for the LIMD/CER model of the previous section. For the M-step of EM, everything remains the same except that we need an additional step for estimating ν. Because the regression models involving ν and β have the same structure, the M-step for ν is the same as that for β, with x M i replacing y i in expressions involving these terms. For the E-step, conditional expectations also need to be computed for complete-data sufficient statistics associated with the model for
For Bayesian inference we assume a flat prior for ν, p(ν) ∝ constant, and the priors for the other parameters in the IMD model. The P-step is as before except that we need additional draws for ν from its posterior distribution N ( ν, (Z Z) 
Bloom's method and Extensions
We conducted simulation studies to compare the model-based methods in Section 3 with Bloom's (1984) instrumental variable (IV) approach for continuous outcomes with noncompliance, and extensions discussed below.
With complete data and no covariates, the standard IV estimator of the CACE is δ IV = (y 1 − y 0 )/ π c , where y j is the mean outcomes of all subjects with r i = j, and π c is the proportion of compliers in the experimental group, r i = 1. When baseline covariates x i , b i are available, Bloom's (1984) adjusted estimate is δ IV n = β P + 1− πc π c · β N S , where β P and β N S are the least square estimates from the regression model
The estimator reduces to the standard IV estimator in the absence of baseline covariates. We call δ IV n the naive instrumental variable (IVn) estimator, as it implicitly makes the strong assumption that the compliance rate π c is constant for different covariates x, i.e., the compliance is independent of x. A better estimator can be obtained by first estimating the CACE δ(x i , b i ) for compliers with covariates (
,where π ci is the estimated compliance rate for subjects with covariates (x i , b i ), and then estimating the overall causal effect δ as follows,
The method IV in the simulation is this estimator applied to the complete cases. We also considered two IV estimators for the situation where the missing data mechanism for y i is latent ignorable.
The naive latent IV estimate is δ IV Ln = β P +
· β N S ,where φ 01 and φ 0 are the nonresponse rates in the treatment noncomplier and control groups, respectively.
With a homogenious compliance rate, this is a consistent estimate of the CACE given by Frangakis and Rubin (1999) for LIMD. The IVL estimator with heterogenous compliance rate δ IV L is obtained by replacing π c in this expression by a predicted compliance rate π ci that depends on the covariates (x i , b i ), and then integrating the resulting CACE estimate over the covariates as before.
Simulation Study
Description of the Study
In the simulation, values of r i , c i , b i and y i were generated as follows, (2) Missing at random (MAR2), where the probability of missingness only depends on the observed values in the data set, and the missing data mechanism satisfies the latent ignorability conditions but not the compound exclusion restriction in Frangakis and Rubin (1999) 
(3) Latent missing at random (LMAR) (Frangakis and Rubin, 1999) , where the probability that y i is missing depends upon the compliance status c i which is unobservable for the control group subjects. In addition, the conditional distribution (y i , m i |c i , r i ) for never-takers satisfies the CER assumption. The probability that b i is missing depends only 
For each generated data set, the following methods are applied for causal inferences:
IV n and IV are the naive IV and the IV estimators defined section 4.1, and IV nL and IV L are the corresponding extended IV estimators assuming latent ignorable mechanisms. 
Results
Simulation results of the CACE parameter are summarized in Table 1 and Table 2 . For each simulation condition, biases and root mean square errors (RMSE) of the estimates of the CACE from each method are reported, after multiplied by 1000. In addition, confidence intervals for each parameter are constructed from normal approximations based on estimates for that parameter, specifically for the ith parameter, the 100P % confidence interval is constructed as EST i ± Z P · SE i , for P = 0.5, 0.6, 0.8, 0.9, EST i and SE i are the sample mean and standard error of estimates for the ith parameter, and Z P is the (100 ( For the N (0, 1) case, estimates from MLLI, BYSLI, BYSLI and IVL, which assume latent ignorable mechanisms, have larger biases than those from MLI, BYSI and IVI when the latent ignorability conditions are not satisfied. Estimates from MLLI, BYSLI and IVL are significantly biased when the true underlying missing data mechanism is NMAR.
Application
As described in the introduction, the JOBS II (Vinokur, Price, & Schul, 1995) intervention project developed at the University of Michigan was to test a preventive intervention for unemployed workers. In the JOBS (JOB Search) II intervention setting, respondents were recruited from four offices of the Michigan Employment Security Commission in the southeastern Michigan. Based on the screening questionnaire (T 0 ) data, only people who met the screening criteria were invited, randomized to the field study and mailed pretest (T 1 ) questionnaires.
A total of 1801 people returned their T 1 questionnaires and were enrolled in the study.
Each subject in the control group was mailed a booklet describing job-search methods and tips, and each subject in the experimental treatment group was mailed the same booklet and an invitation to participate in five 4-hour job search seminars. Follow-up questionnaires were mailed to all the respondents two months (T 2 ) and six months (T 3 ) after the week of the jobsearch seminars. Measures of depression, financial strain, assertiveness, risk score, distress symptom, role and emotional functioning, job search self-efficacy, self-esteem, internal control orientation, mastery, intervention process, re-employment as well as demographics variables were obtained through the questionnaires. The re-employment outcome at T 3 is the outcome of interest here, and it is binary.
Previous analyses (Vinokur and Price, 1995; Little and Yau, 1998) demonstrate that the intervention primarily benefited the re-employment and the mental health outcomes of respondents who are at high risk of experiencing depression in the future. The analysis focuses on data from the high risk group, which includes 715 subjects. Because people who were randomized to the control group are not allowed to attend the seminars, there are only compliers and never-takers in the study. Table 3 presents the summary statistics of the covariates measured at baseline for the high risk group subjects, by the randomly assigned treatment R and the compliance C (for treatment group only, as C is unknown for control group subjects). Comparison of the first two columns shows that the randomization did a fair job in balancing the covariate distributions across the two treatment groups.
About 2/3 of the high risk group subjects (481 out of 715) were randomized to the treatment group. Among the 481 subjects in the treatment group, 58% (280 out of 481) of them attended at least one job-search seminar and they are the compliers. The others didn't attend any seminar and they are the never-takers. Table 3 shows that older subjects with more education, stronger motivation to attend the intervention, higher income and lower assertiveness are more likely to be compliers.
Two models with exactly the same form are fitted, with different subjects included. While the "Partial" models include only those observations with no missing values in the baseline covariates, 600 subjects in the high risk group, and the "Full" models include all 715 subjects in the analysis. The covariates involved in the model fitting are: indicator of not married, indicator for non-white, age, school grade completed, motivation to attend, assertiveness, economic hardship and attitude toward job search. Because of the normality assumption for the continuous variables in the extended general location models, logarithm transformations are applied to school grade completed and income. Table 4 summarizes the estimation results of the probit models assuming ignorable missing data mechanism, where the standard errors of the ML estimates are calculated from 250 Bootstrap estimates. The 95% confidence intervals are estimated from the posterior distribution from the Gibbs' draws, by the 2.5th and the 97.5th percentiles. The CACEs are the differences between the probability of being reemployed at T 3 for the compliers who participate in the job-search seminars and the same probability for compliers who do not participate in the job-search seminars, evaluated at the mean values of the continuous baseline covariates, and then taken the weighted average over the distribution of the discrete covariates. Table 4 shows that the ML estimates and the corresponding Bayesian estimates are very similar for each model. Estimates from the the "Full" models are similar to those from the "Partial" model. The standard errors from the "Full" model are smaller than those from the "Partial" model for almost all the parameters. This is to be expected, because the "Full" model uses more of the information contained in the data set and hence increases the efficiency over the "Partial" model.
From the "Full" model that uses all the observations, the ML estimate of the probability of being reemployed at T 3 is increased by 16.1% by the intervention for a complier who has average education (grade 13) and the average score of attitude toward the job search. It is statistically significant with a 95% confidence interval of (0.004, 0.296). However, the ML estimate of the same CACE parameter from the "Partial" model is only 10% with a 95% confidence interval of (-0.051, 0.258) and it is not statistically significant. This difference is mainly due to the differences of the parameter estimates of the CR term, which is closely related to the CACE parameter. The ML estimate of the coefficient for CR from the "Full" model is 0.41 with a 95% confidence interval of (0.010, 0.764), while the estimate of the coefficient for CR from the "Partial" model is reduced to 0.268 with a 95% confidence interval of (-0.139, 0.668) . Two sources may contribute to the difference between the two estimates from the "Full" and the "Partial" models. First, more information is utilized in the "Full" model than in the "Partial" model and leads to smaller standard error of the estimate. This is demonstrated by both the ML inference and the Bayesian inference.
Second, the differences are also determined by the true underlying missing data mechanism of the baseline covariates. Our model assumes that the mechanism is ignorable.
In addition, white people with more education and a higher score of attitude toward job search have better chances to be reemployed in general. The effects of education and attitude toward the job search are statistically significant at a 95% confidence level.
Conclusions and Discussion
We have proposed an extended general location model to make inference for the CACE for data subject to non-compliance. The EGL model allows observations with missing values in the outcome or the baseline covariates to be included in the analysis, and it yields the same conditional distribution for the outcome and compliance conditioning on randomization and covariates as in Little and Yau (1998) , thus generalizing that analysis. Models were presented for both ignorable and latent ignorable missing data mechanisms, together with EM and Gibbs algorithms for computation. Simulations comparing the proposed methods with instrumental variable methods suggest that the IV methods and likelihood-based methods are reasonably robust to certain departures from the model assumptions, and the likelihoodbased methods are more efficient than the IV methods. An application to the JOBS II data with a binary re-employment outcome was presented.
Bloom's naive method (1984) , which assumes constant compliance rate across different values of the covariates, may provide very biased results when compliance varies across covariates. Also, estimates from our LIMD model with the compound exclusion restriction did well when its assumptions were satisfied, but yielded estimates that were more biased than estimates from the IMD model for the nonignorable missing data mechanism, where missingness of the outcome depended on a partially observed covariate. However, we emphasize that this finding is limited to our particular choice of LIMD model and simulation conditions. We think the LIMD assumption is likely to be more realistic than IMD in many settings, so other models based on this assumption are worthy of further study.
In this article we focused on a single outcome. The EGL model is fairly readily generalized to repeated measures normal data, by replacing the normal distribution of Eq. (3) by a multivariate normal with covariance structure suited to the repeated measures. Repeated binary outcomes can be accommodated by treating the outcomes in a normal model as latent thresholds, as we have done in the univariate case. Compliance is assumed all-or-none here. However, partial compliance is possible in practice. For example, in the JOBS II intervention trial, the treatment includes five job-search seminars and some participants only receive part of them. In a clinical trial, patients may take only a fraction of the intended dosage of medications because of side effects. Thus models that allow for partial compliance are also worthy of future study.
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